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Abstract
This work presents a data-driven approach to identify a
PieceWise affine Auto-Regressive eXogenous (PWARX)
model, in order to evaluate a residential building’s ther-
mal behavior. The PWARX model is a PieceWise affine
dynamic system that can model a large number of physical
processes such a residential building. Indeed, the building
is considered as a complex physical process influenced by
several scenarios related to external solicitations and oc-
cupants by non linear complex system. For instance, pres-
ence or absence of solar radiation, presence or absence of
occupants, and switch ON or switch OFF of the heating
supply will lead to a variety of thermal behaviors. The
PWARX model can identify these nonlinear dynamics us-
ing a set of ARX submodels with the same model struc-
ture, and each ARX sub-model represents a scenario or
configuration. So this paper presents a data-driven ap-
proach to identify the PWARX model based on experi-
mental data. Experimental data are collected for different
rooms with different heating sequences, orientations and
levels of a residential building located in Douai (France).
The approach of the experimental validation consists to
(i) determine the number of submodels in order to have
the best fitting between the measured and estimated out-
put, (ii) associate the data of each affine sub-model re-
spectively, (iii) and finally, estimate each parameter vector
associated to these submodels. The main objective of the
study is then to find a structure for a set of switching ther-
mal model to validate several configurations makes it pos-
sible to follow the experimental protocol and gets closer
to reality.

Introduction
Building energy models have a paramount importance be-
cause they allow predicting and, then controlling, the en-
ergy demand. In particular, building energy modelling is
used for (i) energy efficiency and optimal control; (ii) de-
mand side management (DSM) strategies; (iii) fault detec-
tion and energy conservation (Ferracuti and Fonti (2017)).
The dynamic model used to perform the predictions is
of great importance and three categories regroup the nu-
merous modeling approaches that have been considered
(J.Siroky and Oldewurtel (2011)):

• white box models are based on physical knowledge

of the system and thermal balance equations: these
are often obtained through energy simulation soft-
ware like EnergyPlus (Crawleya (2001)), TRNSYS
(Benzaama and Lachi (2016)), etc;

• black box models use only measured input/output
data and statistical estimation methods (e.g. (Cigler
(2010) and Ferkl and Siroky (2010));

• grey box models, a mix of the first two categories:
they use input/output data as well as some a priori
knowledge on the system. A popular grey-box model
is the equivalent RC networks (Wang and Xu (2006)
and Afram and Fung (2018)).

Comparative study between these different models was
done by Afram and Fung (2018). The results of this study
allow to state on the fact the use of white box model often
requires a computation time and a large number of inputs
(Crawley and Hand (2008)), such as the composition of
the structure of the building envelope. In some studies,
this type of input might be difficult or even impossible to
get (Kramer and van Schijndel (2013)). The other model
categories allow determining the most efficient model for
building integrated HVAC systems during the summer and
wintering seasons for instance. Also, they show that the
state-space models give a better accuracy compared to the
other models, followed by ANN models and transfer func-
tions and at the end process models and ARX (AutoRe-
gressive eXogeneous) models.
Furthermore, several studies have been done on ARX
models. As example reader can refer to Chen and
Basu (2016) and Mechaqrane and Zouak (2004). In
these works, the authors compared the ARX model with
other models such as fractionnal-ARX (FARX), non-
linear ARX (NARX) and artificial neural network (ANN)
models. Chen and Basu (2016) tested the FARX applied
to energy systems integrated into buildings. The compar-
ison between the FARX and ARX models shows that the
FARX gives a good precision compared to the ARX mod-
els. The authors of Mechaqrane and Zouak (2004) and
Soleimani-Mohseni and Thomas (2006) confirmed in their
studies the under-performance of the ARX models com-
pared to the models NARX and ANN models. The results
of Mechaqrane and Zouak (2004) show that the NARX
model performance was significantly better than to the
ARX model for predicting of the indoor temperature of
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a residential building. Moreover, Soleimani-Mohseni and
Thomas (2006) concluded that the nonlinear ANN model
outperformed the linear ARX model to estimate the op-
erative temperature in buildings. To overcome the limit
of the ARX model, several researchers developed a new
approach of ARX based on time interval and inputs in-
dexed as Yun and Luck (2012). In this study, the authors
proposed a prediction model based on an autoregressive
scheme of orders 4 and indexed on 3 periods (day, transi-
tion time and night) and five levels of ambient temperature
(4-3-5 ARX).
The inputs used in the models of Mechaqrane and Zouak
(2004) and Yun and Luck (2012) are different with respect
to the models of Chen and Basu (2016) and Soleimani-
Mohseni and Thomas (2006), which give a different struc-
ture of model and it is often difficult to apply that in gen-
eral case (Touretzky and Patil (2015)). Moreover, the au-
thors imposed the estimation of the input numbers without
doing a detailed analysis of their influence to validate the
models.The local modes have also been arbitrarily chosen,
without guarantees on the more accurate time-periods.
Despite the importance of data-driven approaches, data-
driven prediction models have limitations (Kadir and Nora
(2018)). Indeed, they may not perform well outside of
their training range. Assumptions made by the learning
algorithm have implications on the model’s ability to cope
with new data outside of the training data and whether it
would generalize well beyond the training range or not.
For example, a model that was trained by learning from
a limited dataset (e.g., data collected from a small set of
buildings) may not perform well outside of the training
data (e.g., different types of buildings in terms of physical
properties, operation strategies, weather conditions, occu-
pant behavior, etc.).
Paper contribution
In this paper, we present a data-driven approach to iden-
tify a PWARX model, in order to evaluate a residential
building’s thermal behavior subject to multiple holdings.
We also conduct a critical analysis of the inputs influence
on the accuracy of the model to assess the quality of iden-
tified PWARX model. This is based on the influence order
of each input on the structure of the model by taking into
account several scenarios or configurations.
From the literature, only one work of (Ajib and Left-
eriu (2018)) is available on experimental validation by the
PWARX model to predict the future performance of the
building under different operating conditions. The pre-
diction of the temperature presented in this paper, allows
to evaluate the energy consumption and energy control.
Therefore, this study was conducted without taking into
account the effect of the sensitivity analysis of the model.
And yet, sensitivity analyses are an essential step to un-
derstand the overall inputs influence on the model param-
eter (i.e heating power Pw, outside temperature T0, outside
humidity H0 and solar radiation Ra), on which the exper-
imental plan effort should focus. This step allows con-
figuring well the model, wins more computing time, im-
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Figure 1: Flowchart for model identification.

Figure 2: State-input domain partitioning.

prove accuracy and improve the knowledge on a PWARX
model. Furthermore, the choice of the model order must
be carefully defined in sensitivity analysis, because this
can have a strong influence on the results. The evaluation
of the most influential factors were then classified based
on a criterion value FIT . This to rule on their influence,
on the accuracy of the model and on the quality of identi-
fied parameters.

PWARX model
The PWARX model is a piecewise affine dynamic sys-
tem, using a set of ARX submodels with the same model
structure, that can model a large number of linear or non-
linear physical processes, including the residential build-
ings (figure 1).
The model is obtained by splitting the state-input do-
main represented by their parameters {θi}3

i=1 into a finite
number of polyhedral regions (or configurations) {Ri}3

i=1
(Figure 2) (Boukharouba (2011)).
PieceWise affine ARX (PWARX) models represent the
input-output version of PWA models. They are defined
by introducing the regression vector (for a Multiple Input
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Multiple Output:
ϕ(t) = [y(t−1)T ...y(t−na)

T ...u(t−nb)
T ...u(t−nb−nk +1)T ]T (1)

Where, na, nb are the model orders and nk is the pure delay
between them. The input/output model of the PWARX
model is represented by the following relation:

y(t) = f (ϕ(t))+ e(t) (2)

and f is a piecewise affine map of the following form:

f (ϕ(t)) =


θ T

1 ϕ̄(t) if σ(t) = 1
...

θ T
s ϕ̄(t) if σ(t) = s,

(3)

where ϕ̄ =
[
ϕT 1

]T is the extended regression vector.
σ(t) is the switching rule defined by:

σ(t) = i if ϕ(t) ∈Ri, (4)

and {θi}s
i=1 are the parameter vectors that define the sub

models. {Ri}s
i=1 represent a complete partition of the re-

gion R⊂Rn, with n = nena +(nb +1), and each region is
a convex polyhedron with

Ri = {ϕ ∈ Rn : Hiϕ̄ � 0} (5)

where Hi and 0 are respectively a matrix of appropriate
dimensions defining the limit of the region partitioning the
set of regression vector and the null vector.
So, based on the input/output pair generated by the sys-
tem described by (2), the identification of the PWARX
model consist to: (i) determine the number of submod-
els in order to have the best fitting between the measured
and estimated output, (ii) associate the data of each affine
sub-model respectively, (iii)estimate each parameter vec-
tor θi associated to these submodels. Details about this
identification procedure is given in the following section.

Methodology
To perform the identification of the PWARX model, we
adopt the usual identification procedure defined by the fol-
lowing steps. Firstly, we design the experiment and the
system necessary to collect the data. After that, we pro-
ceed to the determination of the model structure. And fi-
nally, we put in place an identification method and valida-
tion. It is globally illustrate in Figure 3.
Experiment design and data collection
Smart metering Having as main target the determina-
tion of a thermal model for a building without any partic-
ular prior knowledge on the system, we have developed
in our laboratory a smart metering system that allows us
to create a database rich in information about the thermal
behavior of different buildings.
The architecture of the data collection system is illustrated
in Figure 4. The supervisory and control acquisition data
(SCADA) is based on different technologies. We use es-
pecially wireless sensors gathering by CLEODET M com-
pany to capture a number of information. Especially, to

PWARX Model 
Identification 

STEP 1 
Experiment design and data 

collection 
STEP 2 

Model structure 
determination 

STEP 3 
Model parameter 

estimation 

STEP 4 
Model validation 

STEP 5 
Model accepted ? 

 
New data set 

Figure 3: The necessary steps of system identification pro-
cedure.

SCADA 

Store and opening control 
Indoor / outdoor humidity 
Indoor / outdoor luminosity  
Indoor / outdoor temperature  
Consumption and heating system control 

APP 

Smart wireless sensor/actuator 

Data analysis and thermal modelling 

Database 

Figure 4: Global architecture of data collection system.

measure the indoor and outdoor temperature, indoor and
outdoor humidity, solar radiation and incident solar ra-
diation on the floor for different periods. A control sys-
tem is used in this study to control the heating operation
(ON/OFF) for several scenarios. Notice that, each sensor
or actuator is scanned or controlled for a sampling time
Ts = 2.4min.
Therefore, each measure is saved in database into CSV
format thanks to applications that we have developed by
our self using LABVIEWT M and NetBeansT M software’s.
The data collected is used after to compute the thermal
model of the building studied, according to the planning
detailed in the subsection below.

Experiment planning The planning of the experiments
will be elaborated in such a way that one can appreciate
the efficiency of a PWARX model for the prediction of the
thermal behavior of a building.
Thus, experimental measurements have been made for dif-
ferent rooms of a residential building located in Douai
(France) located at East/West for a different heating se-
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quence and various periods of acquisition. The purpose of
the experimental plan is to disturb the thermal behavior of
the indoor air by various factors such as the heating power
and the climatic conditions (Solar radiation and outside
temperature). The identified model will be tested on sev-
eral case studies to see its ability to capture the thermal
behavior of each case.
Indeed, the PWARX model can have different structures
depending on the configuration considered.
Parameter estimation of PWARX model
The procedure used to estimate the different parameters
of each sub-model can be describe into four steps. The
first one is the initialization step. Knowing that the num-
ber of submodels is not known a priori, this step allows
us to proceed to the creation of q singletons classes with
the q regression available data. The second one is the re-
affectation of data followed by the estimation of parame-
ters of each sub-model. This step of the procedure con-
sists in grouping the regression data (initially divided into
q classes) into a minimum number of disjoint classes. The
third one is a verification step necessary for the stabiliza-
tion of the data partition. And the last one is the validation
step of the model thanks to a sensitivity analysis. Each
step is detailed in the following paragraph.

Initialization In this part, we consider several q sub-
models that correspond to N classes, such that C ={

C1, · · · ,Cq
}

where each of them corresponds to one sub-
model defined by the parameter vector θi (Figure 4). The
initial parameter vectors θ̂ 0

1 , · · · , θ̂ 0
q is assigned, where θ̂ 0

i
is computed by taking into account the data x(i) of the
class Ci and its c nearest neighbor (c-cnn) and using the
least square technique. Thus, the parameter vector θ̂i is
calculated by least square technique while minimizing:

V (θi) =
1
Ni

Ni

∑
t=1

(y(t)−θ
T
i ϕ̄(t))2 (6)

with Ni is the number of points.

Data re-affectation and model estimation The main
goal of this step is to minimize the number of classes that
are initially divided into q classes. For it, we minimize the
Euclidean distance between each pair of data (x(i),x( j))
by:

d j
i = ‖x(i)− x( j)‖ (7)

Figure 5 illustrated the error between the measured output
and the output of each sub-model.
Moreover, the ranking of the data is done according to the
regression vector and the measured output as the follow-
ing expression:

x(i) = [ϕ(i)T , y(i)]T . (8)

Thus, the data x(i) will migrate towards the most represen-
tative classes according to a specific decision rule relative
to the nearest neighbors (c-cnn) [16]:

Figure 5: Data re-affectation effect.

ϕ
i
j = exp(−ασ̂( j) ‖x(i)− x( j)‖2−βσ̂( j)(y(i)−

θ̂
T
σ̂( j)ϕ̄(i)))

2 (9)

with θ̂ T
σ̂( j) is the parameter vector corresponding to the

class Cσ̂( j). ασ̂( j) and βσ̂(i) are positive parameters.
Thereafter, we need to update the class number C =
{C1, · · · ,Cs̄} where s̄ ≤ q. For the membership decision,
we use the probability for which data point x(i) belongs to
the class Cp:

P(x(i) ∈Cp) =
∑ j|x( j)∈{Γc(x(i)∩Cq)}ϕ i

j

∑
c
j=1 ϕ i

j
, p ∈ {1, · · · , s̄}

(10)
where s̄ determine the persistent number of class in or-
der to have the best fitting between the measured and esti-
mated output.

Convergence criterion The convergence is based on
the comparison between the earlier parameter vectors
θ (r) =

[
θ̂
(r)
1 , · · · , θ̂ (r)

s̄

]
and the posterior parameter vectors

θ (r+1) where r is the index of the iteration. Thus, the con-
vergence criterion is writing as follows:∥∥∥θ

(r+1)−θ
(r)
∥∥∥≤ υ (11)

where υ is an arbitrary threshold defined by the user. Gen-
erally, one use υ = 10−5.

Sensitivity analysis A recursive approach is used to test
the influence of each input onto the model structures. In
this paper, the input influence orders is obtained by com-
paring the FIT criterion value for different configurations.
The FIT is in fact an indicator used here to measure the
similarity between the measured output y and the output
reconstructed from the model ŷ. The FIT is given by the
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following expression:

FIT = (1− ‖ŷ− y‖
‖y− ȳ‖

)×100% (12)

where ȳ and ŷ are respectively the sum and the estimate of
the measures y(t).

Results and discussion
This section presents the results of the sensitivity analysis
of the model based on data collection. For this purpose,
the case study and the various experimental parameters
are presented. The switching between the heating modes
is one of the parameters influencing on the validation. A
comparison between the ARX and PWARX models ac-
cording to different real heating mode is made to show
the interest of a switched system identification technique
such as PWARX to detect the different behaviors seen in
a normal usage of a building zone.
Case study and experimental data
In this article, we present a case study on a room of
11m2 of the university residence Lavoisier of the School
of Mines, Douai in the north of France (Figure 6). This
room is facing west on the 3rd floor.
The choice of the west orientation and floor level was
made to appreciate the effect of solar radiation on the ther-
mal behavior of indoor air. The room is equipped with a
heating system that works in a random.
Temperature sensor is installed to study the thermal be-
havior of the room. The experimental study was made
from 14-02 to 17-02. the solar radiation received in this
period is 100W/m2 as shown in Figure 7.
The operation of the heating system is controlled in a ran-
dom manner, which causes thermal excitation of the in-
door air in a discrete way (Figure 8). the maximum heat-
ing power emitted by the electric convector is 1400W .

Figure 9 shows that the indoor temperature varies between
19 and 29◦C for an outside temperature ranging between
2 and 10◦C.
Sensitivity analysis
Based on the training data from 07-02-2018 to 12-02-2018
East side, we present in this section the method for analyz-
ing the effect of each parameter on the FIT. This method
makes it possible to find the right model structure algo-
rithm by making an analysis on the hyper parameters such
as na,nb, neighbour number (c) and the inputs. In this arti-
cle, the prediction of the indoor air temperature is sought.
This output is influenced by several physical parameters
(inputs) such as, outside temperature, solar radiation and
heating power.
The results in figure 10 show that the hyper parameters
na,nb, and C have a significant influence on the FIT. For
the inputs ”Outside temperature, solar radiation, heating
power”, the best estimate of the model corresponds to
na = nb = 2 and c = 200 classes (FIT =78.48 %).
Figure 11 show the effect of each input on the Fit for the

Ti1 

Ti2 

LuxInt 

LuxExt Te 

Ch1 

Ch2 

Heating supply 

sensors 

Figure 6: Student room configuration within sensor loca-
tion.

Figure 7: Solar radiation.

Figure 8: Heating scenario.
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Figure 9: Indoor and outdoor air temperature measured.

Figure 10: Effect of number of classes (C) and number of
discrete output and input (na,nb) on the FIT.

same hyper parameters na = nb = 2 and C =200. The re-
sults show that absence of the outdoor temperature as in-
put reduced the FIT by 8.1%. On the other hand,the re-
sults show that the absence of the heating power in the
model reduces the FIT by 53.87%, while the absence of
the solar radiation and heating power reduces the FIT by
63.21%.
The analysis of the results shows that the best estimated
model corresponds to structure: na = nb = 2 and C =200
for the inputs ”Outside temperature, Outside humidity,
solar radiation, heating power” (Figure 12). The model
found using the training data enable to validate other ther-
mal behavior and measurement campaigns.
Based on the sensitivity analysis, we could give a recom-
mendations on which the data collection effort should fo-
cus. The FIT may be changed according to the uncertain
parameters. This change can affect the indoor air tempera-
ture predicted. Sensitivity analysis should give a capacity
to structure well the model in terms of data and inputs
which increases the accuracy and decreases the calcula-
tion time.
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Figure 11: Training data (East Side 1st floor).

Table 1: Switching conditions.
Parameters Pw Ra T0

Mode 1 ON > 2.9W/m2 > 4◦C
Mode 2 OFF < 2.9W/m2 > 4◦C
Mode 3 OFF < 2.9W/m2 < 4◦C

The estimation of different thermal behavior and vali-
dation
The PWARX model has been compared with the experi-
mental results as well as with the ARX model for the case
of the a room located at East. Figure 13 and 14 show
the validation of the indoor air temperature and the oper-
ation modes.The results show that the PWARX model is
the best for prediction with a FIT = 78.48% compared to
ARX model with a FIT = 41.67%. This is due by the fact
PWARX model estimates accurately the real temperature
according to different possible scenarios influencing the
thermal behavior of the room. The results show that the
PWARX model is closer to reality compared to a standard
ARX model.
Three different modes of thermal behavior have been ob-
served (Figure 14). The first sub-model 1 corresponds to
the configuration using the heating system (ON), outdoor
temperature greater than 4oC and presence of solar radia-
tion (greater than 2.19W/m2) .The second sub-model cor-
responds to the configuration heating OFF, outdoor tem-
perature greater than 4oC and solar radiation less than
2.19W/m2, while the third sub-corresponds to the con-
figuration heating OFF, outdoor temperature less than 4oC
and solar radiation less than than 2.19W/m2 as shown in
the table 1.
The PWARX model has been tested for another measure-
ment campaign such as a room located in 3rd floor facing
west (Figure 15). The thermal behavior of this room is dif-
ferent compared to the training period (orientation, heat-
ing scenarios and weather condition). Good agreement is
shown in Figure 14 between the experimental results and
the prediction with a FIT = 76.66%, which shows that the
structure of the estimated model is adapted both to East
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Figure 12: Indoor air temperature validation: Compari-
son between ARX (green solid line) and PWARX (red solid
line) models.
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Figure 13: Operation mode validation: estimated (blue
dashed line) and predicted (red dot line) operating mode.

       0           200                  400  600         800               1000                    1200                1400 
Samples 

 

28 

26 

24 

22 

20 

18 

In
te

r
n

a
l 
te

m
p

e
r
a

tu
r
e

 [
°
C

] 

Temperature curves 

Measured 

Estimated 

Figure 14: Validation of Temperature (West Side, 3rd
Floor), FIT = 77.66% (14-02 / 17-02).

and West orientation.

Conclusion
This article proposes a new data driven approach for build-
ing thermal modeling based on a piecewise ARX model.
This approach takes into account the parameters influenc-
ing thermal behavior such as the location, the orientation
of the building and the mode of operation of the heating
source. The results show that the PWARX model allows to
validate any configuration using a single model structure
with the minimum of inputs compared to other models.
The results of the structure analysis show that, the estima-
tion of the model depends on several factors such as; the
number of past input and output (na,nb), neighbour num-
ber and the nature of the physical magnitude imposed as
input. We conclude that, solar radiation, heating power
and outside humidity are indispensable for the identifica-
tion of the model structure. The results of this paper show
that the model is suitable for any orientation and floor lev-
els with a random operation of the heating source, which
facilitates the task of the building technician. Hence, fu-
ture works will be directed to test this approach for pre-
dicting energy performance certificates for existing build-
ings, to minimize the energy consumption of the HVAC
system.
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